Background Obesity has become a problem in the USA and identifying modifiable factors at the individual level may help to address this public health concern. A burgeoning literature has suggested that sleep and stress may be associated with obesity; however, little is know about whether these two factors moderate each other and even less is known about whether their impacts on obesity differ by gender. Purpose This study investigates whether sleep and stress are associated with body mass index (BMI) respectively, explores whether the combination of stress and sleep is also related to BMI, and demonstrates how these associations vary across the distribution of BMI values. Methods We analyze the data from 3,318 men and 6,689 women in the Philadelphia area using quantile regression (QR) to evaluate the relationships between sleep, stress, and obesity by gender. Results Our substantive findings include: (1) high and/or extreme stress were related to roughly an increase of 1.2 in BMI after accounting for other covariates; (2) the pathways linking sleep and BMI differed by gender, with BMI for men increasing by 0.77-1 units with reduced sleep duration and BMI for women declining by 0.12 unit with 1 unit increase in sleep quality; (3) stress-and sleep-related variables were confounded, but there was little evidence for moderation between these two; (4) the QR results demonstrate that the association between high and/or extreme stress to BMI varied stochastically across the distribution of BMI values, with an upward trend, suggesting that stress played a more important role among adults with higher BMI (i.e., BMI>26 for both genders); and (5) the QR plots of sleep-related variables show similar patterns, with stronger effects on BMI at the upper end of BMI distribution. Conclusions Our findings suggested that sleep and stress were two seemingly independent predictors for BMI and their relationships with BMI were not constant across the BMI distribution.
Introduction
As obesity becomes a severe public health problem in the USA, it is crucial to identify the novel and modifiable factors that are associated with body mass index (BMI), in order to control the prevalence of overweight and obesity. Previous studies were heavily focused on food consumption and certain lifestyle factors such as exercise and smoking. Whether stress and sleep are associated with BMI is underexplored, especially in the urban areas where people are more like to experience sleep disturbance and high stress [1] [2] [3] .
The past decade has witnessed a growing interest in exploring the role of sleep duration in weight gain and the association with BMI. Short sleep duration has been found to be positively associated with concurrent or future obesity in both cross-sectional and longitudinal studies [4, 5] . Moreover, insomnia, poor sleep quality, and short sleep have been found to be correlated with high stress [6] [7] [8] , associations that hold even after controlling for competing explanations, such as physical activities or socioeconomic status. Recently, several medical studies have demonstrated that self-reported (subjective) hours of sleep are associated with increased stress level and an elevated prevalence of obesity [9, 10] . Laboratory studies, using objective measures of sleep duration, find weak, yet still significant, associations for both obesity and stress [1, 2] . One important implication of these findings is that stress and sleep may be two interrelated factors that contribute to obesity. However, little research has adequately examined the associations, and this study endeavors to fill this gap.
In addition to the substantive shortcoming, a methodological weakness in the obesity literature has drawn increasing attention [11, 12] . The conventional approach either uses t-tests to address whether the mean BMI values differ by groups (usually categorized by stress level and sleep duration and quality) or models the relationships between BMI and predictors using ordinary least square (OLS) regression. It has been argued that these methods ignore the fact that "BMI is not a monotonous indicator of health since too high or too low of the level would lead to less favorable health conditions (p.487)" [11] . To more comprehensively depict the relationships between BMI and its determinants, research has begun to use quantile regression (QR) methods [13] . While relatively few obesity studies have adopted QR [11, 12, 14] , the method has much potential as it can capture the heterogeneous associations specific to different populations (e.g., under-and overweight) [11] . We intend that our application of QR adds to the literature and encourages others to explore this method. In this study, we use QR to understand whether (and how) the associations of stress and sleep with obesity vary across the entire distribution of BMI.
The theoretical linkages among sleep, stress, and obesity are complicated, but a plausible framework has been proposed [15] . On the one hand, stress has been found to be associated with the increased consumption of palatable or comfort food [16] and reduced exercise, which may directly lead to excess weight. On the other hand, stress is a determinant of impaired sleep duration and quality [17] , and it has been suggested that short sleep duration and poor sleep quality affect physiological processes (increased ghrelin and decreased leptin) that lead to weight gain [5] . More importantly, among individuals with stress, smoking and alcohol consumption are common practices adopted to improve, though they are usually unsuccessful, sleep quality and duration [15, 18] , and these behaviors are associated with obesity. Another plausible pathway indicates that stress may contribute to weight gain indirectly through sleep. The discussion above suggests that the relationship between stress and obesity may be moderated by sleep quality and duration. As suggested in recent research [1, 15, 19] , reducing or coping with stress along with managing sleep quality and duration could be important components of strategies used for both obesity prevention and treatment.
The substantive justification for our study is based on the arguments above. After controlling for demographic, socioeconomic, and lifestyle factors, we expect that (1) short sleep duration and poor sleep quality are associated with high BMI; (2) high stress is related to high BMI; (3) the positive association between stress and BMI is moderated by sleep duration and sleep quality; and (4) the relationships of sleep and stress with BMI are heterogeneous across the distribution of BMI values. Testing these hypotheses will help us to fully describe the relationships of sleep and stress with BMI, which is a variable with heterogeneous conditional distribution [11] .
Methods

Data Sources
The individual-level data were collected as part of the Philadelphia Health Management Corporation's (PHMC) 2008 Southeastern Pennsylvania Household Health Survey (HHS), the largest and most comprehensive health survey in the region. The HHS is conducted biennially and includes information on health status, health care experience, and health behaviors of the residents in the Philadelphia metropolitan area [20] . PHMC uses the random-digit dial methodology from a stratified sampling frame to conduct their telephone surveys, and statistical results can be generalized to the population of the five-county area cover by the survey [20] . We compared the HHS data with Census and Behavioral Risk Factor Surveillance System (BRFSS) to ensure the validity (see "Results" section).
Our data include 10,007 adult respondents, of which 6,689 were women and 3,318 were men. The existence of the gender disparity in obesity status [21] necessitates that we analyzed the data and reported results by gender. We used SAS 9.2 to implement the analysis.
Variables
Our dependent variable was an individual's BMI, defined as weight (in kilograms) divided by height (in squared meters). BMI has been closely related to body fat, waist circumference, and many other health outcomes [22, 23] . BMI was calculated with the participants' self-report to two questions: "How much do you weigh without shoes?" and "How tall are you without shoes?" It has been documented that selfreported information, as in the HHS, tends to underestimate the prevalence of obesity [24] . In obesity and sleep research, however, using these measures is not uncommon [25] [26] [27] , and a recent study reported that the discrepancy between self-reported and measured BMI in the United States was small (about 3 %) and stable in the past three decades [28] . As QR can handle extreme values or outliers effectively [29] , we did not exclude respondents with high BMI.
Our explanatory variables can be categorized into four groups. First, we included demographic and socioeconomic status variables. Age was measured as a continuous variable (in years) while race was operationalized using three dummy variables: White, Black, and Hispanic, with "Other" as the reference group. Poverty was converted to a dummy variable based on whether respondents' income was below the poverty line, coded as 1 (otherwise 0). Employment was based on two dummy variables: the employed and other statuses (e.g., retired or incapable of working) with the unemployed used as the reference group. Finally, among this grouping of variables, education was classified using five ordinal levels: below high school, completed high school, some college, completed college, and post-college. We generated four dummy variables with below high school serving as the reference group.
Our second grouping of variables related to lifestyle factors. Healthy diet was defined as having at least five servings of fruit and vegetables on a typical day and was coded as 1, otherwise 0. In the HHS survey, a serving of fruit or vegetables was approximately equal to a medium apple, half of a cup of peas, or half of a large banana [20] . Exercise was defined as physical activities lasting for at least 30 min such as jogging, dancing, and gardening. Data on the frequency of exercise sessions per week were collected in the HHS. This frequency of exercise variable was used to classify respondents in to three groups: no exercise (the reference group), light exercise (one to three times/week), and regular exercise (>3 times/ week). Smoking has been found to negatively correlate with weight gain or BMI [30, 31] . In the HHS, those who smoked were coded as 1 (0 otherwise).
The third set of variables related to stress. The participants evaluated their stress level in the past year using a scale from 1 (no stress) to 10 (an extreme amount of stress). While we acknowledge the complexity of measuring stress, this was the only measure available in the data set. Subjective stress assessments, however, have been argued to provide what stress-related research needs [32] as it summarizes the equilibrium of stressors and individual coping ability thus reflecting day-to-day levels of stress. Due to the potential nonlinear association between stress and BMI, we categorized the stress level into five groups: stress-free (reference group; 1), below average (2-3), average (4-6), above average (7) (8) , and high stress (9) (10) . A similar measure of stress has been used in the literature [33] . Four binary variables were included in the analysis.
The final grouping included sleep-related covariates. The respondents were asked to evaluate their sleep quality on a scale from 1 to 5, with 1 being "restless" and 5 being "restful." Sleep quality was treated as a continuous variable in the following analysis. Sleep duration was derived from individuals' answers to the question: "how many hours of sleep do you get at night?" Following a recent study [1] , we categorized the hours of sleep into three groups: sleep duration fewer than 5 hrs, sleep duration between 6 to 7 hrs, and sleep duration greater than 7 hrs. The last group was used as the reference and two dummy variables were created. As noted earlier, self-reported sleep duration was related to BMI and similar survey questions have been used to obtain sleep duration in various studies [5] .
Analytic Strategy
Our analytic strategy involved two stages. First, we used OLS regression to explore if the association between stress and BMI depends on the presence of sleep duration and/or sleep quality. Controlling for demographic, socioeconomic, and lifestyle variables, we included sleep-related and stress variables, respectively. In so doing, we can compare any associations with BMI to the existing literature. In addition, we can use the covariates in one model to understand how they are interrelated and examine interactions between stress and sleep-related covariates [34] . The estimated coefficients of these interactions can provide evidence of whether sleep duration and quality moderate the relationship between stress and BMI.
The second stage of our analysis focused on whether the covariates listed above affect BMI differently. We employed the QR method introduced by Koenker and Bassett [13] . Whereas classic regression methods estimate conditional mean functions, QR is a method used for estimating the conditional quantile functions, where the quantiles of the conditional distribution of the dependent variable can be expressed as functions of explanatory variables [35, 36] . For a random variable Y (BMI in this study) with probability distribution function:
the τth quantile of Y can be defined as:
where 0<τ<1. In the HHS, the sampling τ quantile, ξ(τ), could be expressed as the solution of the optimization problem (without any covariates):
where ρ τ (z)=z(τ−I(z<0)) When the explanatory variables (x) are included, the τ quantile, ξ(τ), can be rewritten as x 0 i b. The effects of the covariates can then be obtained by solving the function:
The best model from the first analytic stage was implemented with QR. The QR approach is particularly useful in obesity research as it minimizes the sum of absolute deviation under specific quantiles, enables a thorough investigation across the entire distribution of BMI (a nonmonotonous health indicator), and has been proven to offer nuanced insight in the effects of predictors on BMI [11, 12, 35] . Arguably the best way to demonstrate the QR result is to generate plots across the distribution of BMI values [29] , and hence, we summarize the QR estimates in figures.
Results
A summary of the data used in our analyses is provided in Table 1 . Overall, about 70 % of the respondents were White, 25 % were Black, and 5 % were Hispanic (reflecting the population composition of the greater Philadelphia area). The mean age was 52 years old. Women were more likely to be socioeconomically disadvantaged than men. For instance, the poverty rate was 3 % higher among women than men; the employed rate of women was 7 % lower than that of men, and fewer women possessed a post-college degree than men. As to lifestyle, in general, only four out of ten adults exercised regularly (i.e., more than three times per week), but it should be noted that about half of the respondents reported at least one exercise (but fewer than three times) per week. Ten percent of the respondents are physically inactive. Only 15 % of the respondents consumed at least five servings of fruit and vegetables per day (i.e., a healthy diet), and 20 % were smokers. The gender differences in exercise and smoking were relatively small; however, women were more likely to have healthy diet than men. To validate our data, we compared the HHS with the 2008 BRFSS data and found these two datasets were comparable with regard to the prevalence of smoking, overweight, and obesity [37] . And based on Census data, we are confident that the HSS data were reliable and representative of the population in the Philadelphia metropolitan area.
The overall self-rated sleep quality score was 3.61 (on a 1-5 scale) with a standard deviation of 1.29. Specifically, men, on average, reported better sleep quality than women, and their smaller standard deviation indicated that fewer men reported poor sleep quality than women. Overall, one-in-five respondents reported less than 5 hrs sleep per night, and 27 % had sleep duration of between 6 to 7 hrs. While most of the participants had at least 7-hrs sleep every night, women demonstrated a slightly higher proportion (0.55) than men (0.53).
Regarding stress, only 10 % of the adults were stress-free. At the other end of the scale, 34 % reported either high or extreme stress. Average stress was the modal category (36 %). The gender difference in stress was more noticeable than for other covariates. For instance, only 9 % of the women were stressfree, which was lower than men. The proportion of high or extreme stress of men was 8 % lower than that of women. Clearly, women tended to have high stress, which echoed the findings in the stress literature [38] . The OLS results by gender are summarized in Tables 2 (men) and 3 (women). As the focus of this paper was on the associations of sleep-related and stress variables with BMI, the socio-demographic and lifestyle variables were included Tables 2 and 3) , net of other covariates, high stress, and extreme stress were positively associated with BMI for both men and women. Specifically, the BMI of the men with high stress was 1.41 higher than of stress-free men. While extreme stress was also positively related to BMI, in contrast to the men without stress, the BMI of the men with extreme stress was only 0.85 higher.
This association between extreme stress and BMI was intensified among women. The BMI was 1.32 higher among extremely stressed women than stress-free women. A potential explanation for the gender difference here may be that men were less likely to report extreme stress.
Second, when only taking sleep-related variables into account (Model II), better sleep quality was related to lower BMI, and this relationship held for only women. In general, a unit increase in sleep quality was associated with a BMI decrease of 0.17 for women. While the association between All models included socio-demographic and lifestyle variables. Model I further included stress variables, whereas Model II considered sleep-related variables. The stress-and sleep-related variables were simultaneously added to Model III. Models IV and V expanded Model III by including the interactions between stress and sleep duration and sleep quality, respectively *p<0.1; **p<0.05; ***p<0.01 sleep quality and BMI was negative among men, it was not statistically significant. In addition, sleep duration was a determinant of BMI among men. On average, men whose sleep duration was less than 5 hrs (or between 6 and 7 hrs) had a BMI that was 1.01 (or 0.83) higher than those who slept 7 hrs or more. While the estimated associations of sleep duration with BMI among women followed our expectation, they did not reach statistical significance.
To further explore the intertwined associations between sleep, stress, and BMI, we included all the variables in Model III. In contrast to Models I and II, the most visible change in Model III was that extreme stress was not a significant predictor of BMI among men (see Table 2 ). Sleep duration between 6 and 7 hrs (SD2), however, was still associated with BMI, and the magnitude of its effect was changed. Coupled with the fact that the impact of high stress on BMI dropped more than 15 % from Model I to Model III ((1.41-1.19)/1.41), for men, it appeared that stress was confounded with SD2. On the other hand, the inclusion of stress decreased the effect of sleep quality on BMI among women (see Table 3 ). Specifically, the impact of sleep quality on BMI was reduced by almost 30 % from Model II to Model III, and the influence of extreme stress dropped by 8 %. These findings suggest that BMI among women was sensitive to sleep quality and BMI among men to sleep duration.
Next, the interactions between sleep-related and stress variables were included (see Models IV and V in Tables 2  and 3) . If the interactions were significant, this would provide evidence to suggest that the association between stress and BMI depended on sleep-related covariates. According to Models IV and V, little evidence for the expected moderation was found. It is important to note that most of the interactions in Models IV and V were not significant, suggesting that their inclusion likely over-fits the data. That is, among the five models, Model III is the one we regarded as the best model. We summarize Model III QR results in Figs. 1 (men) and 2 (women) , respectively.
For the purpose of brevity, we focused on the impacts of sleep-related and stress covariates on BMI. shown in the grey-shaded areas. It should be reemphasized that all the quantiles reported below were based upon BMI values, not on the values of other covariates. For men (Fig. 1) , while the OLS estimate suggested that the effect of sleeping less than 5 hrs (SD1) on BMI among men was significantly different from 0, the QR plot revealed how the relationship varied across the BMI distribution. The effects of SD1 were significant above the 0.35 quantiles (35 th percentile, BMI >25.31) and increased dramatically after 85 th percentile (BMI>31.95). In addition, the effects of SD2 were relatively stable between the 15 th (BMI=23.11) and the 75 th (BMI=30.13) percentiles, but the effects soar after the 85 th percentile. The plots show that the marginal effect of sleep duration was not constant, and sleep duration played an important role in determining BMI for all but the lower quantiles (τ<0.15). That is, sleep duration was a factor more important for men with high BMI than those with low BMI. Without using QR approach, the comprehensive picture of the relationships between sleep duration and BMI would be unknown. Moreover, echoing the results of Table 2 , high stress was positively associated with BMI, and the plots provide further insight into the association. Indeed, high stress was significant only between the 50 th (BMI=26.87) and 95 th (BMI=35.94) percentiles. With respect to women (Fig. 2) , the QR plot indicated that the negative association between sleep quality and BMI was not driven by middle quantiles (40 th to 60 th percentiles). Instead, women in the lower quantiles seemed to be affected by sleep quality more than others, especially among those with BMI less than 24.54 (40 th percentile). Although the QR estimates suggested that the association between sleep quality and BMI became stronger at the high quantiles (τ>0.85 where BMI=32.31), this was not statistically significant (even if we used the alpha level at 0.1). The QR estimates of high stress was positive and significant for upper quantiles (τ>0.5 where BMI=25.74) and increased with τ. More importantly, the relationship between extreme stress and BMI followed an upward trend starting from the 15 th percentile (BMI = 21.44) and throughout the rest of the BMI distribution. These findings not only provided evidence that stress and sleep quality are crucial in understanding obesity but also elaborated on how these relationships vary stochastically across the distribution of BMI values among women, which to the best of our knowledge has not been investigated.
Discussion and Conclusions
Recent development in obesity research has shifted the focus toward an exploration of potential new determinants of BMI. Though stress-and sleep-related variables have been found to be associated with obesity [1, 2] , little prior research has employed sophisticated statistical techniques to control potential confounders and hence validated these associations. This study fully explored the relationships between stress, sleep, and obesity and demonstrated how these associations vary across the BMI distribution in an urban setting. Substantively, we found that high and/or extreme stress was related to high BMI, but the pathways linking sleep and BMI differed by gender. Specifically, man's BMI increased with a decrease in sleep duration. Men sleeping more than 7 hrs per night were found to have the lowest BMI, ceteris paribus. Women with better sleep quality had lower BMI. On average, one unit increase in sleep quality was associated with a BMI decrease of 0.12. The findings here not only advanced the literature by showing the gender difference but also provided evidence supporting our first two hypotheses: High BMI is associated with short sleep duration, poor sleep quality, and high stress. However, as to the third hypothesis, we found little evidence to bolster the statement that high BMI is a result of the combination of high stress and poor sleep quality or short sleep duration. In the QR analysis, the results vividly demonstrated that the relationships of high and/or extreme stress to BMI stochastically varied across the distribution of BMI values and showed an upward trend, especially for women. That is, stress played a more important role among adults with high BMI values. The QR plots of sleep-related variables showed the similar patterns and that their impacts on BMI increased dramatically at the higher end of BMI distribution. These trends confirmed the fourth hypothesis that the associations of sleep and stress with BMI are not as stable as the traditional analytic approach indicated across the distribution of BMI values.
While the results did not support the hypothesis that sleep may moderate the relationship between stress and BMI, our findings did suggest that sleep and stress were two seemingly independent predictors for BMI. This parallels the finding of several earlier studies [9, 10, 26, 27] . Our study is significant because it has revealed the heterogeneous associations among sleep duration, sleep quality, stress, and BMI using QR and identified the gender-specific pathways that link sleep to BMI. Though several obesity studies have employed QR as the analytic tool [11, 12] , sleep duration and sleep quality have not been discussed simultaneously along with stress, and their roles have not been explored by gender in previous studies.
What are the implications that can be drawn on our findings in the urban setting? First, following Taheri [19] , the associations we observed suggest that reductions in BMI among men will require more sleep, ideally at least 7 hrs of sleep per night while, among women, it is sleep quality that matters. For instance, it has been demonstrated that learning Tai Chi and taking cognitive-behavioral therapy can improve sleep quality and sleep outcomes [39, 40] . Second, our findings imply that improvements in the ability to cope with stress may contribute to obesity prevention. Talking to close friends or seeking spiritual support may help reduce stress, which is positively related to BMI. Third, based on the QR results, obesity prevention policies could be better targeted to specific groups. With a clearer understanding of how the risk factors affect BMI, the prevention policies could be more costeffective. For example, helping men to increase sleep duration and women to improve sleep quality may effectively reduce BMI.
This study has several limitations. First, our analyses were based on adult self-report data. Though it has been argued that subjective measures of stress and sleep duration are superior and better connected to wellbeing [2, 32] , more efforts to explore the associations between subjective measures and obesity are still desirable. Second, we should be cautious in generalizing the findings to other areas because the data were collected only in the Philadelphia metropolitan area. Third, the findings of this study cannot be used to derive causality among stress, sleep, and obesity. As suggested [15, 17] , more efforts are warranted to investigate the complex associations between stress, sleep, and BMI. Fourth, as the data used in this study are self-reported and cross-sectional, two sources of endogeneity that may lead to inconsistent coefficient estimates should be noted, i.e., measurement errors and unclear causal relationships among stress, sleep, and obesity. A common approach to endogeneity is to include an instrumental variable in the analysis. Though the analytic framework of instrumental variable quantile regression (IVQR) has been proposed [41] [42] [43] , no software programs are readily available. Furthermore, the extant literature has not identified candidate instrumental variables that may fit the IVQR analysis of stress, sleep, and BMI. Future QR research should thus pay attention to endogeneity and possible IV strategies.
Obesity has become an important public health issue in the world, especially in the developed and developing countries [44] . A recent study projected that if the current trend of obesity continues, by 2030 over 1 billion people worldwide will have become obese [45] . To limit the effects of this epidemic, more and more interdisciplinary obesity research has tried to identify novel risk factors associated with obesity and has adopted advanced methods to better depict the associations between BMI and its determinants. Though this study has shed some new light in this area, future work should explore the determinants beyond individual level and analyze them with appropriate designs, measures, and tools [46, 47] .
